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Abstract. Several studies have examined real estate investment trust (REIT) co-movement
with stocks or bonds using traditional time domain based methods, such as linear
regression or correlation. Results of these studies have produced inconsistent statistical
model parameters. The erratic behavior of the models may have resulted from the
different time periods in the studies, the REITs included in a study or the market indices.
Another factor contributing to the variation of the models comes from the compression
of cyclical information over a study’s time period by time domain based techniques.
Cross-spectral analysis provides a frequency space method of examining the coherency
(i.e., frequency space correlation) between two time series across all frequencies. This
article contains an examination of the coherency between REITs and stock market indices
and REITs and U.S. Treasury debt indices for the period 1989–95. Results of the
coherency spectra show signiﬁcant co-movement between REITs and stock market
indices, while debt instruments show very few frequencies with signiﬁcant coherency.
Furthermore, phase spectra provide evidence of contemporaneous movement between
REITs and stock indices at all frequencies.
Introduction
Modern portfolio theory suggests that investments should be allocated over different
asset classes to minimize a portfolio’s unsystematic risk. Thus, a properly diversiﬁed
portfolio would contain only systematic, i.e., market risk. Since real estate represents
a separate asset class, researchers have developed risk-minimizing models for
allocating portions of a portfolio’s wealth to real estate. These models require time
series returns for real estate that can be compared to time series returns for other asset
classes such as equity or debt instruments. Typically, investigators used the NCREIF
indices as a proxy for equity returns generated by real estate holdings. Yet, these
indices have been criticized for incompleteness and biasness. Hence, results from asset
allocation models using these indices may be questionable.
Recently, institutional investors have been exchanging their ownership interests in real
estate for equity positions in real estate investment trusts (REITs). Shifting their real
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estate holdings to REITs reduces the liquidity and management risks associated with
direct ownership in real estate and allows investors to beneﬁt from the dividend cash
ﬂow generated by most REITs. During the past decade investors have observed a
proliferation of public stock offerings in REITs. These public offerings have provided
a new outlet for real estate companies to raise capital for the development, acquisition
and management of real estate assets. Since many REITs specialize in particular types
of properties, (e.g., apartment REITS, ofﬁce REITs, retail REITS, etc.,) investors can
construct diversiﬁed REIT portfolios containing investments across many different
types of real estate.
Although previous research has shown that returns from direct ownership of real estate
perform differently than stocks and bonds, thus helping to diversify a mixed-asset
portfolio, a question remains as to whether REITs provide a similar advantage. REIT
pricing must demonstrate different behavior than stocks or bonds in order to hedge a
mixed-asset portfolio against unsystematic risk. To understand how REITs ﬁt into a
mixed-asset portfolio, it is imperative to investigate the co-movement of REIT pricing
with other asset classes. Several researchers have used time domain models, such as
CAPM, APT, ARMA and correlation, to examine the co-movement between REITs,
stocks and bonds. Results of these studies have been mixed, with some showing
similarities between REITs and stocks and others between REITs and bonds. Often
these studies are sensitive to the time period studied and the indices or REITs included
in the study. To be effective these statistical analyzes require regular time invariant
cycles (Knif, Pynnonen and Luoma, 1995) or a linear relationship between the asset
time series. Unlike spectral analysis, time domain analyzes do not provide frequency
speciﬁc information because they aggregate statistical parameters, such as mean,
variance and covariance over all frequencies (Erol and Balkan, 1991).
The following pedagogical example demonstrates a case where spectral (frequency)
analysis yields different information than a classical time domain based model.
Consider the two time series plotted in Exhibit 1. Selecting either series as a dependent
variable and the other as an independent variable in a linear regression model produces
the following estimates of the univariate regression line: Y Intercept, b0 5 .1286,
coefﬁcient of determination, R2 5 .0087, slope of the regression line, b1 52 .0277
and t-Stat 5 0.5.
These values represent insigniﬁcant estimates in the time domain of the linear
relationship between the two series. Yet, a frequency space analysis would show that
the coherency between the two series equals one at all frequencies. The only difference
detected in frequency space would be a phase shift of ninety degrees. The authors
constructed the ﬁrst series using a number of cosine functions and the second series
with an identical number of sine functions containing the same amplitudes and
frequencies. Since the sine function is identical to the cosine function except for a
ninety degree (P/2 radians) phase shift, the frequency space correlation (coherency)
between the two series equals one at all frequencies. Hence, this example shows that
frequency space analysis can produce radically different results than time domain
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Exhibit 1
Two Series Containing Insigniﬁcant Time Domain Correlation, but Signiﬁcant
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The research in this article employs frequency domain models that focus on the
cyclical relationships of REIT pricing to other asset indices. Cross spectral analyzes,
which produce coherency and phase spectra, disclose leads and lags between two
return series that may not be apparent using time domain based models. When
correlations between two signals vary across time, cross spectral analysis provides a
method of detecting hidden relationships between the two series by transforming the
signals into their cyclical components.
Literature Review
The following summarizes past research that used time domain-based models for
examining REIT pricing relative to stocks and bonds. Typically, the researchers
focused on whether REITs demonstrated abnormal returns compared to the stock
market or whether market yields on debt instruments inﬂuenced REIT pricing. Also,
some studies examined the inﬂation hedging characteristics of REITs compared to
other assets. Current literature does not contain a frequency space study of REIT co-
movement with capital markets.
Gyourko and Linneman (1988) used a modiﬁed CAPM to compare quarterly REIT
returns with the S&P 500 and bonds for the period 1972–86. Results of their analysis
showed signiﬁcant positive correlations between REITs, stocks and bonds. Sagalyn
(1990) constructed a quarterly index from survivor REITs that spanned 1973 to 1987.
Sagalyn’s CAPM analyzes showed a lower coefﬁcient of determination (R2 5 .27)
between the S&P 500 and REITs during high growth periods when compared to low
growth periods (R2 5 .648). Results of a Chow test showed a signiﬁcant difference
between regression bs calculated for high and low growth periods. Although
researchers (e.g., Han and Liang, 1995) have criticized Sagalyn’s study for
survivorship bias, the analysis provided evidence of the relationship between the S&P
500 and REITs.
Han and Liang (1995) recognized the inconsistencies in the REIT samples used in
the above articles, the time frame of the studies and the market benchmarks for
performance. The authors investigated REIT performance relative to a broader market
index and examined the selection bias associated with using only survivor REITs in
an index. Unlike previous studies, Han and Liang used the return on savings accounts
as their risk free rate and the returns on the equally-weighted CRSP Stock Index as
a market benchmark because most REITs are small capitalization issues. Since the
authors speculated that using survivor REITs represented an ex post sampling bias,
they constructed their monthly time series of REIT returns from all REITs trading on
the markets. Results of their CAPM analysis showed signiﬁcant co-movement between
REIT returns and the CRSP Index. Based on comparing the regression coefﬁcients of
determination, R2, the CRSP index produced better explanatory power than the S&P
500. Also, the R2 for a multivariate linear regression model containing both the CRSP
Index and S&P 500 as independent variables proved inferior compared to the
univariate CAPM containing only the CRSP Index.
The CAPM analyzes in the above studies identiﬁed signiﬁcant co-movement between
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and small stock returns are more correlated than REITs and large stock returns. Also,
regression coefﬁcients were not stable across time periods, indicating that
macroeconomic conditions may affect REITs differently than general stock indices.
Park, Mullineaux and Chew (1990) developed a multiple linear regression model
where Treasury bills (TBILL) represented anticipated inﬂation and the difference
between the CPI and the Treasury bill equaled unanticipated inﬂation. Results of the
authors examination of NAREIT’s total return series for REITS from 1972–86 showed
that REITs did not provide a hedge against anticipated or unanticipated inﬂation. From
comparing the assets’ regression parameters, Park et al. reported similarities between
the hedging characteristics of stocks and REITs against inﬂation that supports the
theory of co-movement between REITs and stock indices.
Liu and Mei (1992) developed a model for predicting the risk premium associated
with REITs. Their vector autoregressive forecasting model consisted of ﬁve
independent variables: a dummy variable set to one for observations from January,
the yield on Treasury bills, the yield difference between Treasury bills and AAA
corporate bonds, the dividend yield on stocks and a real estate capitalization rate
published by the American Council of Life Insurance. The authors regressed the
dependent variable, risk premium for REITs, against lagged values of the independent
variables as demonstrated in the following equation:
REIT 5 a 1 b JDum 1 bTBill 1 b Spread 1 b Yld 1 b CapR 1 «. (1) t11 Jan t t t 3 t 4 t 5 tt
Signiﬁcant regression coefﬁcients for the January effect, Treasury bills and the
capitalization rate resulted from this analysis. The coefﬁcient of determination (R2)
equaled .175, which the authors cited as evidence that a signiﬁcant percentage of the
risk premium for REITs could be predicted one period in advance.
An article by Myer and Webb (1993) investigated the distributional and time series
characteristics of REITs compared to other assets. The authors constructed a quarterly
equally weighted index of equity REIT returns from data contained on the CRSP
tapes to examine the relationship between REITS, the Russell-NCREIF index and the
S&P 500. The ﬁrst eight autocorrelation parameters (r1 through r8) contained
insigniﬁcant values. Based on the results of a Box-Pierce-Ljuge Portmanteau Q tests
for white noise (i.e., random noise) the researchers concluded that the time series
represented white noise. The researchers constructed a vector autoregressive model
between the REIT return series and the S&P 500 and the REIT return series and the
Russell-NCREIF. Results of a Granger causality test demonstrated that lagged values
of the S&P 500 failed to explain the return on REITs. Granger causality tests using
CRSP value-weighted and equally-weighted stock indices produced similar results.
The above literature suggests that REITs may co-move with stock market indices,
such as the S&P 500. Recent articles, such as Han and Liang (1995), present
convincing data that REIT returns follow indices constructed from small company
stocks. If REIT prices move in the same direction as broad-based stock indices, then296 JOURNAL OF REAL ESTATE RESEARCH
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inclusion of REITs into a mixed-asset portfolio may not provide the same
diversiﬁcation beneﬁts that direct ownership in real estate provide to a portfolio.
Data
In 1995, the National Association of Real Estate Investment Trusts (NAREIT) listed
a total of 178 publicly traded equity REITs with a total market capitalization of
approximately $60 billion. Roughly 110 of these REITs trade on the New York Stock
Exchange (NYSE), with the remaining traded on the American Stock Exchange
(AMEX) or the NASDAQ exchange. Because REITs typically focus on a speciﬁc real
estate market,1 such as retail or apartment, they can be classiﬁed into subcategories
based on the property types within their portfolio. Although NAREIT publishes a
monthly index for REIT returns containing several subclassiﬁcations based on REIT
types and dividends, they do not maintain a daily return index. Because a long-term
daily REIT index does not exist, this study computes a price-weighted index for equity
REITs for the period January 1,1989 to December 31, 1994. In addition, the study
includes price-weighted indices for ofﬁce, apartment, retail, health and mixed asset
REIT subcategories. Each index contains as many companies as possible (see Exhibit
11). The overall index consists of an aggregate of the sub-category indices. A REIT
must meet the following criteria to be included into an index:
n The REIT’s initial public offering (IPO) must be one quarter prior to
inclusion in an index.
n The REIT must have a minimum capitalization of $20 million as of
January, 1989.
n The REIT must have a majority of its assets in equity ownership of real
estate.
Failure to meet one of these criteria causes a REIT to be excluded from the index.
Once a REIT enters the index it remains until it merges with another REIT or
discontinues trading on the exchanges. Thus, the index equates to a buy and hold
strategy.
This investigation uses daily pricing of futures contracts on market indices as proxies
for market prices. Since futures contracts converge to the market price at maturity,
they demonstrate similar price movements as spot prices. More importantly, futures
contracts represent a liquid asset that can be easily purchased by managers to balance
their portfolios’ market exposure. This study investigates a range of the debt term
structure by including futures contracts on three different maturities of Treasury debt:
Treasury bill contracts traded on the International Monetary Market (IMM) of the
Chicago Mercantile Exchange (CME), ten-year Treasury note contracts traded on the
Chicago Board of Trade (CBT) and Treasury bond contracts traded on the CBT. Also,
this investigation compares REIT pricing to the pricing of three stock futures
contracts: the Value Line Index traded on the Kansas City Board of Trade (KBOT),
the NYSE composite index and the CME’s S&P 500 futures contract.
Long term time series studies of futures’ pricing present problems to researchers
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a contract remains low until the ﬁnal three to six months of the contract’s life. After
a contract matures, the researcher faces a discontinuity in the pricing series when they
continue with the next nearest contract to maturity. To resolve this dilemma
researchers (Herbst, Kare and Caples, 1989) employed Pelletier’s (1983) weighted
average method for computing perpetual contract prices that equate to ninety-day
forward rates. The data used in this research also uses perpetual futures contracts to
facilitate examining the long time series of futures contracts.
Methodology
Typically, random processes in the physical and social sciences do not adhere to the
deﬁnition of stationary signals. These processes may contain linear or nonlinear trends,
(i.e., a time variant mean), or may contain heteroskedastic variances. Consequently,
scientists must pre-process their data to obtain stationary time series. Diggle (1990:
31) uses data differencing for obtaining a stationary time series from nonstationary
data. First ordering differences simply entails computing the difference between two
successive data values:
Dƒ 5 ƒ 2 ƒ . (2) ttt 21
Diggle recommended iteratively differencing a data series until a visual inspection of
the data indicates a stationary series. Several researchers (Erol and Balkan, 199; and
Knif, Pynnonen and Luoma, 1995) control for nonstationary characteristics by
computing the ﬁrst difference of the natural logarithm of the price. Granger and
Hatanaka (1964:47), Bloomﬁeld (1976:157) and Diggle (1990:31) also demonstrate
ﬁrst differencing of the natural log of price to achieve stationary economic time series.
This research employs the same methodology for creating stationary time series from
the raw pricing data for daily stock and futures transactions. The following formula
computes the ﬁrst difference log of the data series:
r 5 log (price) 2 log (price ). (3) te t e t 21
Cross spectral theory allows examination of the similarities and co-movement of two
separate time series in frequency space. The coherency spectrum between two time
series measures the amount that one series can be predicted from the other at a given
frequency because it estimates the power of the harmonics between the two series.
Furthermore, the phase spectrum provides evidence on the lead-lag relationship
between two data series in frequency space, thus evidence of causality may be derived
from analyzing the phase spectrum in conjunction with the coherency spectrum.
This research uses Welch’s (1967) method for computing unbiased and consistent
spectral estimates by ﬁrst segmenting the time series data into short segments
containing observations for one year. After tapering each segment using a cosine
(Hanning) window to reduce spectral leakage across frequency bands, a fast Fourier
transform (FFT) computes the raw periodograms for each segment. The next step of
Welch’s method requires averaging the raw periodogram coefﬁcients at each discrete
frequency (vk) to produce unbiased and consistent estimates of the CSD function.298 JOURNAL OF REAL ESTATE RESEARCH
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Welch’s technique computes spectral density functions for either univariate or bivariate
time series.
The phase spectrum provides further data on the relationship between two series that
appear to share strong correlations at speciﬁc frequencies. Priestly (1981:664), Bendat
and Piersol (1986:137) and Diggle (1990:214) show that when yt results from an ex
ante or ex post xt observation, the phase spectrum will be a linear function of
frequency:
u (v ) 52 av . (4) xy k k
Thus, the slope of the phase spectrum, a, equals the time delay between xt and yt.
When a corresponding phase angle for a frequency band containing signiﬁcant
coherency varies signiﬁcantly from zero radians, evidence exists that one of the time
series signals lags the other. Inclusion of zero radians in a phase angle’s conﬁdence
interval indicates that the phase angle does not signiﬁcantly differ from 0. The
following formula computes the upper value of the conﬁdence interval at frequency
vk:
.5 2 (1 2 g (v )) xy k f (v ) 5 f(v ) 1 arcsin t . (5) USD U Upper k k d.f.22,a/2 2 g (v )(d.f. 2 2) xy k
Priestly (1981:706) and Knif, Pynnonen and Luoma (1995) give a precise method for
testing the statistical signiﬁcance of coherency peeks using the null hypothesis, H0:
(vk) 5 0, versus the alternative hypothesis, H1: Þ 0. Both authors use an 2 2 gg xy xy
analogy with standard correlation analysis to construct a ratio using the sum-of-
squares due to regression and the residual sum-of-squares. They give the following
statistic for testing the above null hypothesis:
2 mˆ g (v ) xy k F 5 , F . (6) 2,2m 2 (1 2 ˆ g (v )) xy k
The parameter m, represents the degree of spectral smoothing used to construct the
estimate of the coherency spectrum’s coefﬁcients. Table 8.1 in Koopman (1974)
deﬁnes the precise degrees of freedom for coherency estimates computed from
Welch’s method with a cosine window. According to Koopman, the estimates contain
2.67(N/M) degrees of freedom, where N is the length of the data series and M is the
window length. If the windows overlap, N and M must be adjusted by the overlap
factor, L. Hence, 2m 5 2.67((N 2 L)/(M 2 1)). Table A9.6 in Koopman gives the
critical values for testing:
22 H : g (v ) 5 0 vs. H : g (v ) Þ 0. (7) 0 xy k 1 xy k
A researcher can use the above statistic to construct a critical line on the plot of the
coherency spectrum since m can be computed from N, M and L, and the signiﬁcance
level of the test a can be selected to extract F2,2m,12a from Koopman’s table.FREQUENCY SPACE CORRELATION BETWEEN REITS AND CAPITAL MARKET INDICES 299
Exhibit 2
Price Correlation Between REIT Indices and Perpetual Futures Contracts
(1989–1994)
T H M A O R S&P N VL Bill T-N T-B
Total REIT 100 68 91 94 6 91 71 73 85 42 67 74
Health 68 100 34 87 267 39 96 96 91 88 86 84
Mix 91 34 100 74 42 92 39 43 61 3 34 44
Apartment 94 87 74 100 225 75 86 88 94 64 80 84
Ofﬁce 6 267 42 225 100 39 261 259 242 275 248 239
Retail 91 39 92 75 39 100 42 45 59 19 50 58
S&P 500 71 96 39 86 261 42 100 100 96 81 82 81
NYSE CI 73 96 43 88 259 45 100 100 97 81 83 83
Value Line 85 91 61 94 242 59 96 97 100 68 76 78
T-Bills 42 88 3 64 275 19 81 81 68 100 90 83
T-Notes 67 86 34 80 248 50 82 83 76 90 100 99
T-Bonds 74 84 44 84 239 58 81 83 78 83 99 100
Examining the time series using spectral analysis takes several computational steps.
The following summarizes the procedures followed:
n Create price weighted daily REIT indices from individual equity REIT
stocks listed on the NYSE, AMEX and NASDAQ exchanges for the six-
year period, 1989–94.
n Compute the ﬁrst difference of the natural log of the daily stock and
futures prices to obtain weakly stationary time series. The units of the
detrended series contain a daily percentage change in price.
n Segment the detrended time series into overlapping annual segments
each containing 260 daily observations. Segments will overlap six
months for a total of eleven segments per index.
n Apply a cosine window to each data segment to reduce leakage between
frequency bands.
n Pair REIT indices with futures series and compute the complex FFT of
each annual data segment to obtain the raw cross-periodogram.
n Combine the cross-periodogram estimates for each segment to obtain
unbiased and consistent spectral estimates of the CSD and PSD.
The ﬁnal step includes reporting the frequencies containing signiﬁcant coherency
between a REIT index and a future index and computing the corresponding phase
conﬁdence interval.
Results
Exhibit 2 lists the standard time domain correlation matrix between the 1989 to 1994
REIT indices and the perpetual futures contracts. Only the ofﬁce REIT index showed300 JOURNAL OF REAL ESTATE RESEARCH
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Exhibit 3





(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 37.14 0.40 20.67 25.72 4.38
S&P 32.50 0.41 21.46 25.60 2.65
S&P 28.89 0.46 22.25 25.41 0.91
S&P 26.00 0.60 22.84* 24.73 20.96
S&P 17.33 0.51 21.51 23.13 0.11
S&P 16.25 0.69 21.64* 22.54 20.73
S&P 15.29 0.44 21.13 22.90 0.65
S&P 14.44 0.39 20.03 22.02 1.96
S&P 13.68 0.43 21.25 22.92 0.42
S&P 12.38 0.46 20.54 21.88 0.79
S&P 10.83 0.50 21.08* 22.12 20.04
S&P 10.40 0.47 21.21* 22.29 20.13
S&P 10.00 0.51 20.35 21.30 0.58
NYSE 65.00 0.49 23.91 210.42 2.60
NYSE 52.00 0.43 3.92 22.26 10.09
NYSE 37.14 0.43 20.50 25.04 4.03
NYSE 32.50 0.41 21.38 25.66 2.91
NYSE 28.89 0.46 22.19 25.29 0.91
NYSE 26.00 0.60 22.60* 24.46 20.75
NYSE 17.33 0.52 21.43 22.99 0.13
NYSE 16.25 0.68 21.58* 22.50 20.66
NYSE 15.29 0.45 20.99 22.71 0.73
NYSE 14.44 0.42 20.02 21.85 1.82
NYSE 13.68 0.44 21.25 22.84 0.35
NYSE 12.38 0.48 20.53 21.81 0.75
NYSE 10.83 0.53 21.09* 22.05 20.13
NYSE 10.40 0.48 21.22* 22.27 20.17
NYSE 10.00 0.53 20.40 21.29 0.49
*Indicates REIT lags futures index.
negative correlation, which occurred with both the REIT indices and perpetual futures
contracts. The Value Line Index had the highest correlation with the total REIT index.
The health REIT index correlated highest with the NYSE composite index and the
S&P 500. Although, the apartment index showed the highest correlation with the
health REIT index (87%), it still correlated higher with the Value Line Index.
The authors computed the ﬁrst difference of the log of the data series to obtain
stationary time series that approximate daily percentage return for the indices andFREQUENCY SPACE CORRELATION BETWEEN REITS AND CAPITAL MARKET INDICES 301
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(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
Value 260.00 0.54 213.14 235.61 9.32
Value 130.00 0.40 29.16 226.65 8.33
Value 86.67 0.47 23.02 212.18 6.13
Value 65.00 0.43 21.92 29.87 6.02
Value 52.00 0.61 3.17 20.48 6.81
Value 43.33 0.47 2.13 22.37 6.63
Value 37.14 0.45 20.47 24.67 3.72
Value 32.50 0.40 21.16 25.54 3.23
Value 28.89 0.42 22.28 25.86 1.30
Value 26.00 0.74 21.36* 22.61 20.11
Value 23.64 0.57 21.60 23.46 0.26
Value 21.67 0.41 22.50 25.29 0.30
Value 17.33 0.55 20.32 21.74 1.10
Value 16.25 0.67 21.13* 22.08 20.18
Value 15.29 0.44 20.89 22.69 0.91
Value 14.44 0.47 0.22 21.31 1.75
Value 13.68 0.53 20.89 22.10 0.32
Value 13.00 0.53 20.67 21.83 0.48
Value 12.38 0.60 20.41 21.31 0.49
Value 11.30 0.40 20.50 22.03 1.04
Value 10.83 0.51 21.00 22.02 0.02
Value 10.40 0.43 21.15 22.40 0.09
Value 10.00 0.57 20.45 21.23 0.34
*Indicates REIT lags futures index.
perpetual futures contracts. Spectra of these stationary time series were computed
using cosine (Hanning) data windows of 260 data points that overlapped by 130 data
points. Overlap processing (Bendat and Piersol, 1986) counteracts the increase in
spectral estimate variability that results from applying the cosine window to reduce
leakage between frequencies. The above window parameters produced spectral
estimates at discrete Fourier frequencies:
k
v 5 , k 5 0 ,1 ,2 ,...,130. (8) k 260
The Nyquist sampling rate of one day (Dt 5 1) resulted in a Nyquist frequency of
1/2Dt 5 .5 cycles per day.302 JOURNAL OF REAL ESTATE RESEARCH
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(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
T-Note 86.67 0.59 217.61* 224.10 211.12
T-Note 65.00 0.46 28.22* 215.31 21.13
T-Note 28.89 0.43 0.10 23.45 3.65
T-Note 10.40 0.52 20.24 21.18 0.70
T-Note 10.00 0.44 0.52 20.66 1.70
T-Bond 130.00 0.46 220.79 234.88 26.71
T-Bond 86.67 0.52 216.31 224.08 28.53
T-Bond 65.00 0.51 27.61* 213.59 21.62
T-Bond 32.50 0.40 0.91 23.45 5.26
T-Bond 10.40 0.43 20.28 21.56 0.99
*Indicates REIT lags futures index.
Exhibit 6





(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 32.50 0.46 26.76* 210.29 23.23
S&P 13.00 0.41 21.06 22.77 0.65
NYSE 32.50 0.46 26.57* 210.16 22.97
NYSE 13.00 0.39 21.04 22.91 0.83
Value 260.00 0.55 231.85* 253.57 210.13
Value 130.00 0.49 221.29* 234.10 28.49
Value 65.00 0.45 3.00 24.34 10.35
Value 32.50 0.50 25.96* 29.14 22.79
Value 28.89 0.40 24.49* 28.46 20.52
Value 26.00 0.40 2.03 25.51 1.46
Value 23.64 0.42 20.73 23.70 2.24
Value 17.33 0.43 22.13* 24.20 20.06
*Indicates REIT lags futures index.
According to Table 8.1 in Koopman (1974), the coherency estimates for a Hanning
window contain 2.67(N/M) degrees of freedom, where N is the length of the data
series and M is the window length. Since the windows overlapped, N and M must be
adjusted by the overlap factor of 130 data points, thus N equals 1,560 2 130 and MFREQUENCY SPACE CORRELATION BETWEEN REITS AND CAPITAL MARKET INDICES 303
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(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 32.50 0.50 20.26 23.39 2.87
S&P 28.89 0.47 20.79 23.89 2.31
S&P 26.00 0.52 21.45 23.79 0.89
S&P 14.44 0.46 20.75 22.30 0.80
S&P 13.68 0.48 20.59 21.99 0.81
S&P 13.00 0.40 20.95 22.73 0.83
S&P 10.00 0.43 20.37 21.59 0.86
NYSE 32.50 0.49 20.18 23.39 3.03
NYSE 28.89 0.46 20.68 23.82 2.47
NYSE 26.00 0.56 21.28 23.42 0.84
NYSE 14.44 0.46 20.72 22.31 0.87
NYSE 13.68 0.50 20.62 21.95 0.71
NYSE 13.00 0.41 20.97 22.66 0.71
NYSE 10.00 0.45 20.38 21.52 0.75
Value 32.50 0.42 20.03 24.13 4.08
Value 28.89 0.33 20.56 26.29 5.18
Value 26.00 0.53 20.22 22.53 2.08
Value 14.44 0.47 20.35 21.85 1.15
Value 13.68 0.49 20.38 21.75 0.99
Value 10.00 0.42 20.59 21.84 0.65
T-Note 86.67 0.43 212.81* 223.20 22.41
T-Note 65.00 0.48 29.38* 216.09 22.67
T-Note 26.00 0.41 27.83* 211.27 24.40
T-Note 15.29 0.40 20.94 23.04 1.17
T-Bonds 86.67 0.44 211.19* 221.40 20.99
T-Bonds 65.00 0.54 28.79* 214.32 23.27
*Indicates REIT lags futures index.
equals 260 2 130, which results in 29 degrees of freedom for each coherency estimate.
Table A9.6 in Koopman gives the critical values for testing:
22 H : g (v ) 5 0 vs. H : g (v ) Þ 0. (9) 0 xy k 1 xy k
Koopman’s table lists .39 as the critical value (p , .1) for coherency estimates that
have 29 degrees of freedom.2
Exhibits 3–10 list the frequencies that contain statistically signiﬁcant coherence
between an input signal (i.e., one of the perpetual futures contracts and an output304 JOURNAL OF REAL ESTATE RESEARCH
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Exhibit 8





(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 260.00 0.46 212.56 240.86 15.74
S&P 13.68 0.41 21.97* 23.78 20.16
NYSE 260.00 0.48 212.07 238.36 14.21
NYSE 52.00 0.43 2.52 23.87 8.92
NYSE 13.68 0.41 22.02* 23.83 20.22
NYSE 10.83 0.40 20.82 22.30 0.67
Value 260.00 0.60 211.21 229.89 7.48
Value 130.00 0.41 210.83 227.87 6.20
Value 52.00 0.54 1.17 23.24 5.57
Value 23.64 0.40 23.40* 26.57 20.23
Value 21.67 0.40 23.92* 26.91 20.93
Value 13.68 0.44 21.71* 23.33 20.10
Value 10.83 0.48 20.89 22.01 0.22
T-Note 86.67 0.57 219.05* 225.88 212.22
T-Bond 86.67 0.43 218.13* 228.51 27.75
*Indicates REIT lags futures index.
Exhibit 9





(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 86.67 0.62 27.89* 213.75 22.02
S&P 65.00 0.42 23.87 212.12 4.37
NYSE 86.67 0.62 27.41* 213.23 21.58
NYSE 65.00 0.43 23.19 211.14 4.76
NYSE 52.00 0.42 5.56 20.90 12.01
Value 130.00 0.41 27.20 224.00 9.60
Value 86.67 0.63 21.59 27.31 4.13
Value 65.00 0.39 20.08 29.24 9.09
Value 52.00 0.59 5.79 1.90 9.69
T-Bond 86.67 0.43 216.24* 226.87 25.62
*Indicates REIT lags futures index.FREQUENCY SPACE CORRELATION BETWEEN REITS AND CAPITAL MARKET INDICES 305
Exhibit 10





(signiﬁcant, a 5 .1)
Phase
(Days) Phase-Lower Phase-Upper
S&P 260.00 0.42 28.07 240.78 24.64
S&P 86.67 0.40 28.64 220.46 3.18
S&P 26.00 0.52 23.92* 26.28 21.60
S&P 16.25 0.63 21.59* 22.67 20.52
S&P 10.83 0.42 21.55* 22.91 20.18
NYSE 260.00 0.44 27.74 237.58 22.09
NYSE 86.67 0.42 27.87 218.87 3.14
NYSE 26.00 0.51 23.78* 26.17 21.39
NYSE 16.25 0.63 21.55* 22.64 20.47
NYSE 10.83 0.44 21.54* 22.81 20.26
Value 260.00 0.57 28.85 229.19 11.48
Value 86.67 0.42 23.24 214.02 7.55
Value 52.00 0.45 4.93 20.94 10.80
Value 26.00 0.54 22.01 24.26 0.24
Value 21.67 0.41 21.28 24.15 1.58
Value 20.00 0.41 20.44 23.04 2.16
Value 16.25 0.57 21.19 22.45 0.08
Value 12.38 0.55 20.23 21.26 0.80
T-Note 86.67 0.61 217.50* 223.52 211.49
T-Note 32.50 0.46 1.90 21.61 5.42
T-Note 10.40 0.47 20.23 21.32 0.87
T-Bond 130.00 0.45 220.11* 234.53 25.68
T-Bond 86.67 0.56 216.20* 223.11 29.28
T-Bond 32.50 0.53 2.77 20.07 5.60
T-Bond 10.40 0.40 0.32 21.71 1.07
*Indicates REIT lags futures index.
signal). A negative phase indicates that the output signal lags the input signal (i.e.,a
REIT index lags a perpetual futures contract whenever the phase was negative).
Treasury bill perpetual futures contracts fail to show signiﬁcant coherency with any
of the REIT indices, thus they do not appear in any of the exhibits.
Exhibits 3, 4 and 5 show that the total REIT index has the greatest number of periods
containing signiﬁcant coherencies with the perpetual futures contracts. Also, with the
exception of the health REIT index, the Value Line Index shows the highest number
of periods containing signiﬁcant coherencies with the REIT indices as evidenced by
Exhibits 4, 6, 8, 9 and 10. According to the results in Exhibit 7, the NYSE perpetual
futures contain the greatest number of signiﬁcant coherent periods with the health306 JOURNAL OF REAL ESTATE RESEARCH
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Exhibit 11
Index Compositions
REIT Type # of REITs
Market Cap.
($ Million)
All REITs 178 49,913
Diversiﬁed 22 2,212




Self Storage 21 2,957
Retail 44 14,588
Hotel 10 2,580
REIT index. The Treasury perpetual futures demonstrates fewer signiﬁcant coherency
values with the REITs than the stock perpetual futures. Also, Exhibits 5, 7, 8, 9 and
10 show that most of the signiﬁcant coherencies between the REIT indices and a
Treasury perpetual futures occur in periods longer than thirty-two days and were out
of phase.
Also, the width of a phase angle’s conﬁdence interval depends on the coherency level
between the input and output signals. An increase in coherency between the signals
results in a narrower conﬁdence interval for phase. Consequently, many of the periods
with the highest coherency have phase angles that differ from zero (p , .1). Many
of the frequencies in Exhibits 3–10 that contain the highest coherency have conﬁdence
intervals for the phase angle that excluded zero.
Findings and Conclusions
This study investigated equity REIT co-movement with capital market indices. Unlike
past REIT research, the authors use spectral analysis to examine stock and futures
price returns in frequency space. We identify common cycles between REITs and
market indices that may not be observable using traditional time domain based models.
The results show stronger co-movements in price between REITs and stocks than
REITs and Treasury instruments.
The exhibits show the periods containing signiﬁcant coherency between the REIT
indices and the perpetual futures contracts. Stock market pricing appears to inﬂuence
the movement of REIT prices more than the Treasury instruments because they
contain more periods with signiﬁcant coherency and larger coherency values. This
supports the ﬁndings of Kuhle, Walther and Wurtzebach (1986), Gyourko and Kiem
(1992) and Liu and Mei (1992). Further, the Value Line Index, which represents a
broader stock market index than the S&P 500 and the NYSE composite indices,FREQUENCY SPACE CORRELATION BETWEEN REITS AND CAPITAL MARKET INDICES 307
produced the strongest coherency with all the REIT indices, except the health REIT
index. This supports the Han and Liang (1995) ﬁndings that REIT returns, which are
relatively low capitalization stocks, should be compared to small stock returns.
Treasury instruments produce the fewest periods containing signiﬁcant coherency with
the REIT indices. The absence of signiﬁcant coherency between the Treasury bill
perpetual futures and the REIT indices indicate that they have little short-term or
long-term inﬂuence on investors’ pricing of REITs. However, the consistent
occurrence of low frequency coherency between longer term debt instruments and the
REIT indices imply that investors used a longer horizon to adjust REIT pricing to
correspond with changes in interest rates on middle and long term debt instruments.
Furthermore, the phase spectra show that REIT prices lag changes in interest rates by
two to three weeks. The low frequency correlation and lags between debt and REITs
may account for the results published by Gyourko and Linneman (1988) and Sagalyn
(1990) that found signiﬁcant co-movement in REIT pricing and interest rates.
In addition, the coherency values provide information on the relationship between
REIT pricing and real estate returns. Martin and Cook (1991) use perfect market
theory to argue that investors price REIT stocks based on the value of their underlying
assets (i.e., equity in real estate holdings). Thus, REITs should represent a proxy for
real estate returns. Since appraisal theory uses discount rates based on the term
structure for estimating real estate values, REIT stock prices should co-move with
interest rates if investors value REITs based on their real estate holdings. Yet both
the time domain correlation in Exhibit 2 and the frequency based coherency in
Exhibits 3–10 show that Treasury debt instruments are only weakly correlated with
REIT pricing. Consequently, the coherency results support Myer and Webb’s (1993)
hypothesis that overall stock market movement has a greater effect on REIT pricing
because REITs trade on the major exchanges. Certainly, some component of REIT
pricing results from the value of the underlying real estate assets, but the high
frequency input of the stock market signal makes it difﬁcult to observe the real estate
component of the REIT pricing signal without further ﬁltering the data.
Still, the negative correlation between the pricing of the ofﬁce index and the futures
contracts (Exhibit 2) suggests counter-cyclical properties of the ofﬁce REIT. Yet, the
coherency spectrum (Exhibit 6) results in very few frequencies containing signiﬁcant
coherency. Although the phase spectrum shows a lag between the ofﬁce index and
the S&P 500 Index in the lower frequencies, they are not sufﬁciently negative (i.e., a
2180 degree phase angle shift) to indicate signiﬁcant counter-cyclical behavior from
the ofﬁce REITs. However, the poor performance of the ofﬁce index appears to reﬂect
the higher vacancy rates and poor performance of ofﬁce building revenues during the
study period. Thus, the severe conditions that exist in the ofﬁce real estate markets
during the study period appear to dominate investor pricing of REIT stocks.
The coherency spectra between stocks and REITs indicates that REITs share common
cycles with stocks, while the phase spectra between stocks and REITs shows that
neither signal lags the other. Hence, in a mixed stock portfolio, REITs would not
provide an anti-cyclical hedge against inﬂation, which has been a characteristic308 JOURNAL OF REAL ESTATE RESEARCH
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attributed to real estate holdings in a mixed asset portfolio and supports the ﬁndings
of Park, Mullineaux and Chew (1990) that REITs do not provide a hedge against
inﬂation.
In summary, we use spectral analysis to discover common periodicities between REITs
and ﬁnancial futures contracts. Based on the evidence in the coherency spectra, stock
indices have a dominate inﬂuence on REIT price movement in frequencies with a
period of six weeks or less. The Treasury debt instruments appeared to contain partial
inﬂuence over REIT pricing in frequencies with a period of thirteen weeks or more.
Also, small company stock index futures share more common harmonics with REITs
than the larger company stock index futures. Although two of the REIT indices (health
and ofﬁce) appeared to be inﬂuenced by market conditions speciﬁc to their industry,
the strong co-movement between REITs and stock indices implies that REITs do not
provide a hedge against inﬂation.
Notes
1 NAREIT lists only twenty-two diversiﬁed equity REITs.
2 Koopman’s table uses a value, n, that equals one half the effective degrees of freedom. In this
case n 5 .5 * 29.5 or approximately 15.
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